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Abstract- The efficient development and prospective 
evaluation of valid service scenarios is a critical success factor 
for companies. With an increasing complexity of service 
provision the planning process gains importance. But the 
process of planning a service and optimizing the underlying 
service plan still lacks adequate knowledge and support. 
Existing approaches are not suitable for an optimization of 
services with regard to productivity prior to their 
implementation. To achieve efficient services, the concepts for 
service productivity are reviewed and novel aspects of a 
developed Genetic Algorithm (GA) for solving the resource 
constraint service scheduling problem are presented. The GA 
is verified and validated based on a case study in the German 
chemical industry. Due to the extensive documentation of this 
company, detailed information about task structure and 
workload could be gathered and used for model development. 
The results of the validation study confirm the structural and 
external validity of the developed project model. Therefore, the 
proposed GA-based optimization method has demonstrated its 
validity and utility in this particular application domain. 
Keywords- optimization, Genetic Algorithm, Service 




ervice science focuses on studying the characteristics of 
service processes intending to simultaneously reduce 
service lead-times, reduce cost, and improve quality. Several 
formal theories of service management have been published 
(Koumpis, 2010). While the relevant authors fail to agree on 
a single theory of best service processes as a benchmark for 
a service enterprise, four facts in terms of planning service 
operations are generally regarded as important: (1) 
Uncertainties regarding the duration of activities are a 
typical characteristic of service projects (Blackburn, 1991), 
(2) predecessor constraints of tasks within a (service) project 
are not strictly specified and are therefore often refined with 
respect to the situation and the person (Eppinger et al., 
1994), (3) the assignment of actors and resources (tools, 
facilities) to tasks is a complex resource constraint 
scheduling problem whose solution determines the service  
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lead-time (Hildum, 1994), (4) iterations are a characteristic 
of complex services as well as a major source of unexpected 
rework and budget overruns (Reijers, 2003). Due to these 
facts, both the prospective evaluation of uncertainty and the  
consideration of complexity have become central issues in 
developing a service organization. Research in this field has 
shown that modeling provides an avenue to improved 
understanding and optimization of service operations 
(Barnard, 2006). Optimization of a service organization and 
the underlying service processes can be achieved in several 
ways: 
Improving the sequence of activities to streamline the 
workflows, which directly determine the service provision 
(Eppinger et al., 1994); developing simulation models to 
describe, evaluate and minimize uncertainty of a service 
process due to adding actors and resources to bottle neck 
tasks (Yassine & Braha, 2003). Instability can be reduced by 
reordering tasks and considering alternative options so that 
the effects of delayed activity processing and feedback are 
minimized. Thereby, an ideal work organization is defined 
as one with no iterations (Yassine et al., 2007) and which 
fully achieves the planning objectives. However, in real 
complex service projects, an optimal sequence of activities 
as well as assignment of actors and resources is unlikely to 
be uncovered. Thus, a heuristic for the development of an 
optimal service provision is still missing. Therefore this 
paper focuses on a genetic optimization heuristic to improve 
the productivity of service projects. The approach has to be 
suitable for decision support in the context of developing a 
service plan. 
II. SERVICE PRODUCTIVITY 
 
A theoretical concept or a procedure model to evaluate the 
effectiveness of services is missing. To close the lack of 
knowledge the German Federal Ministry of Education and 
Research set up the research program ―productivity of 
services‖ in 2009 to identify the success parameters of 
efficient services. The incentive for such a research program 
was the missing of a general theory for service productivity. 
Existing definitions of service productivity are based on 
elements of definitions for production processes. In the 
context of production, the term productivity is understood as 
the alignment between the entire output and the input used 
(Ojasalo, 1999). A measurement of the input parameters, 
e.g. labor, capital, energy, material and information (Sink, 
1985) is a central challenge for service science. But also the 
definition of a valuation baseline is compared to the 
evaluation of a production processes difficult to achieve due 
to weakly structured service operations and a high impact of 
actors‘ behavior (Ojassalo, 1999). In particular for service 
providers, the dependence on superordinate workflows leads 
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to a close cooperation between different actors (Cerasale, 
2004). Similar to the lack of methods for a precise 
measurement of the input parameters, an approach for the 
evaluation of output parameters is missing. Apart from the 
quantitative parameters (quantity of service per time period, 
costs, utilization of the workforce) especially the ―soft‖ 
parameters for the evaluation of service productivity are of 
high relevance, e.g. customer satisfaction, workload of 
employees (Karapidis, 2005). Although, the comprehension 
of the term ―service productivity‖ is related to the definition 
of production productivity (Johnston & Jones, 2003) a 
general approach to determine a service specific basis of 
valuation is missing. On the basis of experience with 
simulation models for the development of production 
processes a simulation based evaluation of service 
productivity seems promising. Therefore, the following 
aspects have to be considered: 
i. The measurement of productivity is distorted due to 
physical distinction during the analysis of inputs 
and outputs, which are scaled in most cases in 
different units (Johnston & Jones, 2003). 
ii. The high number of combinations between 
different characteristic of outputs and inputs as well 
as missing restriction of productivity ratios does 
not provide valid indicators of performance (Sink, 
1985; Johnston & Jones, 2003). 
iii. The significance of the productivity ratio is limited 
due to the insulated view from other performance 
factors (e.g. the demanded productivity or internal 
bench marks) (Sink, 1985). 
iv. The characteristics of elements (activities, actors 
etc.) and relations (iterations, overlapping of 
activities etc.) of a service organization are fraught 
with uncertainty. Groenross (2000) describes a 
service provision as an open process by which 
changes in the input variables (such as employees, 
systems, physical resources and technologies, and 
customer participation) influence the efficiency of 
the process. 
v. The behavior and the decision making of actors 
have a high impact on service productivity 
(Cerasale, 2004). This must take into account that 
services operations are not exclusively designed 
and implemented by the service provider due to the 
fact that there are strong interrelations to the 
customers as well as the suppliers (Edvardsson & 
Olsson, 1996). 
Ojasalo (1999) assumes that existing economic approaches 
cannot adequately describe or measure service productivity. 
In this context (Groenross & Ojasalo, 2004) asserted that the 
comprehensive analysis of service productivity is still at the 
beginning. Due to the fact that only a few papers about 
service productivity were published during the last five 
years, a research gap can still be identified. Therefore, only 
a few detailed models can be found in literature that explain 
the complexity and multidimensionality of service 
productivity, e.g. Corsten & Stuhlmann (1998), Groenross & 
Ojasalo (2004), and Johnston & Jones (2003). However, all 
these models are very generic and limited with regard to 
their applicability by service managers. Thus, an efficient 
design of service operations and the application of the 
methods to real service processes are missing. 
The approach presented in this paper focuses on a 
simulation based model to measure service productivity. It is 
suitable for the decision support in the context of service 
design and considers the cooperation of enterprises, 
suppliers and subagents. Thereby, retrospective methods of 
analysis are not accessible for the prospective evaluation of 
different service scenarios (Winkelmann & Luczak, 2006) 
and are not considered for the development of an 
optimization heursitic. 
 
III. GENETIC ALGORITHM FOR THE OPTIMIZATION 
                                            OF SERVICE PRODUCTIVITY 
 
Genetic Algorithms (GA) are robust stochastic search 
algorithms inspired by the process of biological evolution 
and are often used for scheduling problems (Koza et al., 
2003). This class of optimization heuristics considers a set 
of population of solutions as opposed to only one solution 
throughout local search. Following an initial population with 
several individuals through a random generation, new 
individuals are produced by mating two existing ones 
(crossover operation) and/or by altering an existing one 
(mutation operation). Thereby, an individual represents a 
solution to the optimization problem. Selection scheme 
determines which individuals survive via evaluating fitness 
or objective function. The fittest individuals take over next 
generation while the others are deleted. This optimization 
process finishes with a convergence to an optimal or near-
optimal solution. The structure and the operations of 
Standard Genetic Algorithms (SGA) for scheduling 
problems are widely mentioned in literature (Koza et al., 
2003) and are not further covered in this paper. The novelty 
of the presented GA is the characteristic of a chromosome, 
the transformation of the modified chromosomes into a 
detailed, feasible service organization model and the 
evaluation of the service plan quality. These three aspects 
allow the initial description of uncertainty and stochastic 
events within a service organization. 
 
I. Genetic Representation Of A Service Organization 
 
The chromosome consists of a number of genes 
corresponding to the number of activities in a service project 
or a multi service portfolio of a company. More precisely, a 
gene represents an activity and has therefore a unique 
identification number (ID). By the use of an ID, the loci of 
genes do not necessarily have to be fixed. Each gene 
consists of several attributes (Fig. 1): 
i. Status Of Activity- The boolean value (true, false) 
indicates if the activity is an integral element of the 
service plan. Due to this construct the alternative 
execution of activities or a sequence of activities 
can be described. 
ii. Starting time ti- The value defines the starting time 
of the activity i and describes the work on 
predecessor activities j completed by that time. 
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iii. Within a predetermined range [0, 2.5] the value zi 
is randomly selected during the optimization 
process: 
                 zi < 1; Overlapping of activities i and j, 
             zi = 1; Starting time of activity i and end time of          
activity j are identical. 
zi > 1 Pause between the end time of activity j and                
the starting time of activity i. 
iv. Actor: The value references to the characteristic of 
at least one actor who has to execute the activity. 
Thereby, the assigned actor fulfills the formal 
qualifications required by the task. 
v. Duration of Activity di: The attribute describes the 
duration of the activity i. The stochastic parameters 
(variance of estimation errors, random events etc.) 
and deterministic parameters (effect of complexity 
of task etc.) are integrated in this value.  
vi. Events: The attribute ―events‖ describes the 
occurrence and the structure of an iteration. The 
information about the characteristic is stored in the 
gene which triggers the event. 
vii. Additional Information: The information on the 
probability of the occurrence of this specific 
activity characteristic is stored in the gene. This 
information is used during the optimization process 
to calculate the probability for the occurrence of the 
generated service process. 
 
            Fig.1. Gene structure 
The values of starting time ti and duration di are used to 
clearly assign the activity into a plan for service provision. 
Except the gene‘s ID, which is internally stored by the data 
structure, the attributes of the gene are subject to crossover 
and mutation operations and will be changed during 
evolution. Based on the description of the most important 
and widely used types of genetic representation by Rothlauf 
(2006), the developed encoding can be characterized as a 
real-valued messy representation. The position of genes and 
the corresponding real value are coded together in the string. 
Thereby, the encoding is independent of the position of the 
alleles in the chromosome. 
 
 
II. Gp Mapping 
 
A chromosome (genotype) represents an individual and is a 
blueprint for a service organization. Based on the 
information of varied, unvaried chromosomes and data base 
entries the genotype-phenotype mapping fg (GP-mapping) is 
used to generate a feasible, detailed service process for an 
individual. Information about the characteristics of actors 
and activities is stored in a central data base and is not 
varied during optimization. The developed algorithm 
therefore concerns only for the attributes of the genes of an 
individual. A mapping results in a description of a detailed 
service organization which includes information about the 
sequence of activities, the assignment of actors to tasks as 
well as further characteristics of the service scenario, i.e., 
the starting time and the durations of activities, the 
probability of the occurrence of the service scenario, etc. 
Uncertainties within a service organization are modeled by 
stochastic variables and are interpreted during the 
optimization process by the GA. Within a population the 
stochastic elements of the service model lead to a variety of 
heterogeneous individuals. Although uncertainties of service 
projects have been considered in the approach, due to the 
novel genotype structure and fg, the mapping of a specific 
characteristic of a genotype into a phenotype always 
generates an identical service organization. The steps for the 
GP mapping process are as follows: 
Step 1-A gen (activity i) is randomly chosen from the set of 
genes of an individual. At the same time the algorithm 
verifies whether the activity i is already a part of the 
developed service organization and its predecessors 
activities have been sufficiently processed. If not, step 1 is 
continued until an activity i is found.  
Step 2-Assignment of actor(s) to the activity i according to 
the ID of an actor stored in the gene. 
Step 3-The exact duration of activity i is listed in the gene. 
The calculation of the value is done before the GP-mapping 
by the mutation operator and is based on: 
i. Basic effort de(i) of activity i estimated by experts 
ii. Qualification q of assigned actor 
iii. Random value h, to consider the estimation errors 
of the requested durations – probability 
distribution, e.g., Gaussian, right- or left-skewed β-
distribution. 
The duration d of activity i is calculated:  
di = de(i) • q • h. 
Step 4- Calculation of the absolute starting time tj of activity 
i, based on: 
i. Time period related to the end time of predecessor 
activities tj (variable factor zi, stored in gene) 
ii. Starting time and duration of the predecessor(s). 
iii. The absolute starting time ti is calculated as 
follows:  
ti = tj + (zi • dj). For activities with more than one 
predecessor: ti = max { tj + (zi • dj) | j = 1, …, n} 
Step 5- In this step it is verified if the assigned actor 
executes an activity j, j≠i at any particular time of the period 
pi:  
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i. Status of the actor (employed, unemployed) during: 
pi = ti + di 
If the actor is unemployed during pi the assignment leads to 
a change of the status (employed). If an actor is employed, 
the starting time of the activity i is modified under 
consideration of the predecessor constraints. For the 
identification of a valid placement the starting time is 
iteratively modified: ti = max { tj + 1 + (zi • dj) | j = 1, …, 
n} until a valid solution is found. 
Step 6- Activity Freeze – the parameters of the activity are 
defined (global starting time, duration etc.) and the activity 
is placed in the plan. 
Step 7- The steps 1 to 6 are repeated until all tasks of a 
chromosome have been placed for the development of a 
comprehensive service organization. 
 
III. Evaluation Of Plan Quality 
 
The development of efficient service organizations has to be 
characterized as a multi-criteria optimization problem. 
Thereby, the planning objectives are often complementary 
or conflicting. This can result in a plurality of optimal 
solutions, but only according to a specific objective or a 
target combination. Therefore, one optimal plan can only be 
identified if a prioritizing of objectives is given. Otherwise a 
pareto front with different optimal solutions must be 
approximated. In subject to the personal preferences of the 
planner a solution can be situation-related selected. 
The planning problem considered here has a two-
dimensional targeting vector (minimization of service 
budget and service duration). Two-dimensional targeting 
vectors are partially ordered, i.e. two vectors are 
incomparable if each of them contains a more advantageous 
component. A vector dominates another one if at least one 
component shows a better value and is not concurrently 
worse in any other component. For example, the Individual 
No. 1 is dominated with regards to time- and cost-targets by 
five individuals (Fig. 2). To quantify the performance of the 
generated individuals, the S-metric by Zitzler et al. (2006) 
was implemented for the GA. This metric has been deemed 
one of the fairest and most useful existing methods for the 
evaluation of multi-criteria solutions (Zitzler et al., 2006). 
The metric measures the dominated hyper volume. The 
volume describes the area of a solution space and those 
vectors which are worse than at least one individual of the 
set. The S-metric value is to be maximized, which can 
graphically be regarded as the conquest of the solution 
space. It is further necessary to distinguish between two sets 
of individuals non-dominated and dominated vectors. If a 
population contains dominated individuals, the one with the 
highest dominance value is removed. The value describes 
the number of individuals which are dominated by a 
solution. If a population contains only non-dominated 
individuals, the one with the lowest s-metric value (hyper 
volume) is deleted. Thereby, the hyper volume is the sub-
space which is only dominated by a single individual (Fig. 
2). To minimize the loss of quality the GA selects in a case 
of exclusive non-dominated individuals the one with the 
smallest s-metric value. For the dominated individuals a 
further VS-metric value is calculated. This value describes 
the smallest distance of a dominated solution to a non-
dominated pareto-optimal solution. Thus apart from the non-
dominated individuals, the dominated individuals are 
sequenced in an ascending order. 
Fig. 2. Pareto front with optimal solutions and solutions 
identified by participants 
 
IV. VALIDATION STUDY 
 
An experimental study and a case study in a medium-sized 
enterprise in the German chemical industry were conducted 
to verify and validate the developed GA.  
The goal of the experimental study was to compare service 
plans generated by the GA with solutions developed by 
humans. Therefore, an existing measure of problem solving- 
and planning competencies (Arling, 2006) was refined. The 
study was conducted as a web-based planning game and 
could be executed by multiple participants simultaneously. 
The advantage of a decentralized execution – due to 
independence regarding time and place – was that 
experienced service managers could be recruited for the 
two-hour participation. On the other hand, the 
decentralization of the test procedures limited the 
significance of the test due to a missing control of the 
framework conditions. A total of 34 participants, 9 female 
and 25 male between 18 and 56 years of age participated in 
the study (average 28.03 years, SD=6.85). For the 
experimental task a typical computer-aided development of 
a service plan, such as the definition of predecessors and 
successors for activities or the parameterization of activities 
(starting time, duration, costs etc) had to be completed by 
the participants. The task the subjects had to deal with was 
the development of a project plan for the service 
―organization of an event‖ consisting of 34 activities. Each 
subject received a graphical model indicating the sequence 
of activities and further information about their 
characteristics. The web-based experimental environment is 
similar to MS Project. In parallel to these investigations, the 
corresponding service model for the GA was developed and 
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the multi-criteria optimization was carried out. The goal was 
the simultaneous minimization of service costs and time and 
therefore the approximation of the pareto front for this 
specific RCSSP. 
The analysis of the planning results of the participants 
shows a significant deviation of the solutions from the 
optima, identified by the GA (Fig. 2). For the multiple 
criteria planning game (cost versus service duration) 5 non-
dominated solutions exists. The matrix shows all solutions 
of the participants in relation to the pareto front. With regard 
to the information about the classification of the subjects 
regarding their project planning knowledge/experience the 
graphical visualization allows a comprehensive evaluation 
to what extent the subjects were able to identify optimal 
solutions. 
The case study in a medium-sized enterprise involves the 
service of a facility for the production of polymer. Due to 
complex interrelations between service projects within the 
company, only one project and acquired accurate time and 
cost data was considered. The essential information to build 
up a service organization model was enquired from the 
service manager of the enterprise. Finally, the most efficient 
work organization relating to the fulfillment of predefined 
planning objectives was compared to the historical data of 
the enterprise. Identified similarities as well as differences 
regarding the key project performance indicators (duration, 
costs, utilization of workers etc.) and the progression of 
services were discussed with the project manager and 
project team members. The validation procedure chosen in 
this study ensures by the separation of data ascertainment 
(interview and experience-based organizational modeling), 
the development of the project simulation model and the 
analysis of the existing project documentation an objective 
evaluation of the planning quality achieved. 
The service project consisted of 62 development tasks, from 
the identification and analysis of customer specifications of 
the chemical process, to the commissioning of the 
installation. Thereby, the service organization was 
comprehensively modeled through the characterization of 
internal organizational units of the company, as well as 
external actors (engineering service providers, maintenance 
enterprises etc.). The characterization of organizational units 
included the modeling of qualifications and experiences of 
the employees, as well as resource descriptions. The tasks 
have been processed in several projects, so that deviations 
from the arithmetic mean could be identified by the project 
manager. Because the task predecessor constraints were 
deterministic and stochastic, and there were many degrees of 
freedom in assigning actors to tasks, the considered service 
process in this particular company was a good candidate for 
evaluating the performance of the GA. The identification of 
the global optimum implies an efficient parameterization of 
the population size and the mutation rate. Based on previous 
work of Zhuang and Yassine (2004), the correlation between 
the arithmetic mean of the fitness value and the population 
size were investigated. The fitness function was a weighted 
accumulation function with a strong emphasis on the 
minimization of project lead-time and cost. The weighting 
of each objective was based on project manager‘s individual 
preferences concerning the investigated process engineering 
project. Fig. 3 shows the progress of the arithmetic mean of 
the fitness influenced by population size and mutation 
probability pmc. An individual that passed into the next 
generation is chosen randomly (probability pmc) and it 
genes are than accidentally selected for mutation. As the 
population size (number of individual) increases, the fitness 
increases in value. The results revealed a clear influence of 
the mutation probability pmc and the fitness. For low values 
of pmc fitness values become stable when the population 
size reaches the number of genes of an individual (number 
of tasks: 62). For higher values of pmc the continuous 
modification of a high proportion of partial efficient 
individuals lead to an oscillation of the fitness. These results 
are consistent with the findings of Zhuang and Yassine 
(2004). Therefore, it can be assumed that with an adequate 
population size, good schemes for the project planning 
problem can be located within the search space. 
 
Fig. 3. Arithmetic mean of the fitness value over the 
chromosomes of all 50 generations for different 
population size and mutation probability pmc 
 
The validity of the results was further confirmed by 
analyzing the service lead-time and cost for several 
generations. This requires the transformation of the 
genotypes of each generated individual into a detailed 
service plan. Two scenarios with different actor 
competences were investigated in detail: (1) The actors 
involved in the project have a medium competence (value: 
1.0). (2) The actors have different values for their 
competences (0.8 to 1.2). The competence of an actor is 
negatively correlated with the makespan of a specific task 
and positively correlated with the cost per time unit. Both 
correlations are based on estimates of the service managers. 
The curve progression (Fig. 4) concisely describes the 
correlation of assigning ―competent‖ actors to tasks to reach 
a minimization of the service lead-time. In particular, the 
steep negative slope for the lead-time of scenario 2 until 
generation 30 indicates the high degrees of freedom 
regarding the improvement of the service organization. With 
an increasing number of generations the lead-time converges 
due to precedence constraints of tasks. The stopping 
criterion of optimization was set to 100 generation. A 
further reduction of the makespan of single tasks through the 
assignment of actors to tasks with a higher competence has 
no influence and only the service budget increases. 









In the previous sections, a GA was introduced to describe 
and optimize service productivity. Determining the sequence 
of tasks with given and indefinite predecessor constraints as 
well as uncertainty regarding the time-on-task is a NP-hard 
scheduling problem. The objective was to minimize the 
service lead-time and costs through the improvement of 
activity sequences, assignment of actors, and resources 
under certain constraints (availability; qualification etc.). 
The GA structure and operations allow the identification and 
evaluation of optimal service organizations under 
uncertainty. Furthermore, the transformation of a modified 
gene resulted in time-grained and valid project plans despite 
several stochastic influences.  
In future papers additional optimization studies of more 
complex project organizations with a larger number of 
coupled activities and more organizational units will be 
presented. A scientific focus is the integration of individual 
human behavior into the project model. In conclusion, the 
GA enables manager to develop more efficient service 
organizations. In the long term, an effect on the service 
productivity due to a comprehensive identification and 
evaluation of valid service organizations within a short time 
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